IMPORTANCE Increased ability to quantify anatomical phenotypes across multiple organs provides the opportunity to assess their cumulative ability to identify individuals at greatest susceptibility for adverse outcomes.
C ardiovascular disease (CVD) is the result of unfavorable changes in structure and function across multiple organ systems. [1] [2] [3] Seminal investigations have detailed the importance of many individual phenotypes physiologically central to CVD, including coronary [4] [5] [6] [7] and valvular 8 calcification, adiposity (eg, abdominal visceral and pericardial fat depots), [9] [10] [11] [12] [13] [14] muscle fat content, and sarcopenia. [15] [16] [17] Although these individual CVD-related phenotypes may be associated with each other, their presence and extent vary substantially between individuals: individuals with coronary vascular calcification may not have valvular or abdominal aortic calcification (and vice versa), likely owing to distinct genetic/ epigenetic determinants. 18 Thus, while coronary calcification is a strong marker of CVD risk, a phenotype spanning multiple organs (similar to multimarker blood biomarker approaches 19 ) may be important to understand which individuals are at greatest susceptibility for adverse CVD-related prognosis.
Recently, machine learning techniques have been used to summarize and classify multiple phenotypes and outcomes in CVD (phenomapping), 20 although the clinical or physiologic value of such approaches in CVD remains unclear. 21 In this study, we examined 2924 participants of the Framingham Heart Study (FHS) offspring and thirdgeneration cohorts with computed tomographic (CT) measurements of 11 different organ phenotypes across the chest and abdomen, including vascular and cardiac calcification and adipose and muscle tissue characteristics. Using a machine learning approach, we sought to describe patterns of variation of presence and extent of individual phenotypes across vascular and valvular calcification; abdominal, intrathoracic, and pericardial adiposity; and liver and muscle fat content. Furthermore, we wanted to understand whether combining information from these phenotypes would identify prognostically and phenotypically distinct subgroups within a heterogeneous population.
Methods

Study Cohort and Imaging Exposures
The analytic cohort comprised participants in the FHS offspring cohort (n = 1150; median age, 63 years; interquartile range [IQR] , 57-70 years; age range, 40-87 years; 57% female) or the third-generation cohort (n = 1774; median age, 45 years; IQR, 40-49 years; age range, 32-72 years; 48% female) who underwent chest and abdominal CT imaging between 2002 and 2005. We included 2924 individuals with available measures for all imaging domains assayed (calcification, adiposity, and liver and muscle attenuation; eFigure 1 in the Supplement). Techniques for quantification of the various calcification 8 and fat 10, 22 phenotypes have been previously described and are detailed in eTable 1 in the Supplement. The study design and methods for data collection have been published elsewhere. 23 The institutional review boards of Boston University Medical Center and Massachusetts General Hospital approved the study. All participants provided written informed consent.
Cardiovascular and Noncardiovascular Mortality
All-cause mortality was our primary outcome. We included hard CVD events as a secondary outcome, defined as a composite of death due to coronary heart disease or stroke, nonfatal myocardial infarction, or nonfatal ischemic stroke. Methods for adjudication of these events have been previously reported. 10 
Statistical Analysis
General Descriptive Statistics Descriptive data were expressed as percentage (for categorical variables) or median and IQR (for continuous variables). Correlations between imaging indices were estimated using Spearman coefficients. Comparison of covariates among quartiles of age was performed via standard methods (nonparametric Wilcoxon or Kruskal-Wallis tests for continuous and χ 2 test for categorical variables).
General Approach
The overall goal of our study was in 2 phases ( Figure 1) . First, we sought to describe patterns of variation in 11 CT phenotypes across vascular and valvular calcification; abdominal, intrathoracic, and pericardial adiposity; and liver and muscle fat content. For this first step, we used a principal components analysis (PCA), an unsupervised learning technique that statistically groups correlated phenotypes together into components; each of these components accounts for some proportion of variation in overall data. These components can then be used to understand interrelationships among imaging variables and their variability across age and sex in the FHS. Second, we wanted to understand whether CT phenotypes would be able to classify participants in the FHS offspring cohort into prognostically and phenotypically distinct subgroups. For this second step, we used a clustering technique that identified clusters of participants based on all 11 CT phenotypes. The 2 approaches (PCA and clustering) were chosen to address specific hypotheses in our study and are not related. We have specified the details of each method in this section.
Principal Components Analysis
To cover the broadest range of age in FHS, we used all 2924 participants (offspring and third-generation cohorts) in our descriptive analysis by PCA. Before entry into PCA, all imaging variables were natural log-transformed to reduce variance, followed by mean centering and standardization (mean, 0; variance, 1). A value of 1 was added to each calcification variable (coronary, aortic, thoracic, and valvular) before log-transformation to allow estimation of the logarithm for zero calcification values. The adiposity and liver and muscle fat variables were log-transformed. The total number of principal components (PCs) to include in our analysis was determined by scree plot and inclusion of PCs up to 60% of the overall variance. Varimax rotation was used to determine final PC loadings. We examined the distribution of PC-based scores using a box plot for each decade of age for men and women separately. We measured the association of age and sex with PC scores using a linear model with inclusion of a quadratic term for age (to model nonlinearity). Effect modification by sex was assessed using a multiplicative interaction term between age and sex in each model.
Clustering
We chose to focus on the offspring cohort for the clustering analysis for several reasons. First, our primary research interest was to investigate an older, at-risk population with a greater prevalence (and incidence) of disease, in which imaging indices may have a greater impact on differentiating disease subsets. Second, the 2 cohorts (the second generation or offspring cohort vs third generation) aged in different eras of medical care, leading to potential unmeasured differences in prevention and surveillance. To visualize the data, we first performed unsupervised agglomerative hierarchical clustering, with the Manhattan distance measure more robust in terms of assigning cluster and the Ward method of clustering using all 11 imaging indices (log-transformed, mean centered, and standardized, as with PCA), in 1150 offspring cohort participants. Clusters were plotted as a heatmap using a modified version of heatmap.2 (package hclust in R) to include bars for all-cause mortality and incident CVD. While hierarchical clustering is sufficient for the purposes of visualization, it is difficult to accurately classify the participants into different clusters. Model-based clustering is more robust in terms of assigning clusters to data that are either overlapping or have varying sizes or shapes. To accurately classify the 1150 participants into clusters, we used a gaussian model-based clustering to identify the optimal number of clusters within our data. In this approach, each cluster is modeled as a gaussian multivariate mixture model with a mean and covariance that describes its shape. The mclust package in R 24 fits a variety of gaussian mixture models to the observed data, followed by identification of the optimal number of clusters using an information criterion (eg, Bayesian information criterion) that penalizes model complexity based on the number of clusters. For a full list of models investigated, refer to eFigure 2 in the Supplement.
Cluster Validation
We performed internal validation within the offspring cohort to evaluate fitting of the model-based clustering. As previously noted, model-based clustering allocated FHS participants in 1 of 2 groups: a favorable cluster (cluster 1) and an unfavorable cluster (cluster 2). To determine the robustness of the cluster membership, we performed logistic regression with 100 naive bootstraps. Here, the dependent (predictor) variable is cluster membership (cluster 1 or cluster 2). The independent variables are the 11 imaging indices. Briefly, approximately 62% of the individuals in the overall cohort of 1150 were randomly selected, with replacement in each bootstrap, and a logistic regression model is built using the glm and caret package in R. The remaining approximate 38% of the samples are introduced into this model and the performance metrics (accuracy, sensitivity, and specificity) of the logistic regression model are evaluated. This process is repeated for 100 random splits of the population. The model prediction from the logistic regressions in 100 bootstraps is subsequently used to compute the area under the receiver operating characteristic curve (C-statistic) with 95% CIs using the pROC package in R.
To identify clinical determinants of cluster membership, we compared clinical and demographic characteristics between the 2 identified clusters using Wilcoxon (continuous) and χ 2 (categorical) statistics. The cluster optimization approach used here has been widely used in machine learning applied to genomics and has been used in deep clinical phenotyping. 20 
Event Analysis
After generating clusters of phenotypically distinct participants in the offspring cohort, we determined the association of membership in a given cluster with outcomes. We estimated Cox regression models for each specified outcome (primary: all-cause mortality; secondary: hard CVD) as a function of cluster membership, adjusted for 10-year global Framingham CVD risk as an age-and sex-specific marker of cardiovascular risk. We additionally adjusted for coronary artery calcium score (modeled at log[CAC+1]) and visceral adipose tissue (log-transformed) in multivariable models to assess whether composite imaging phenotypes (as identified in cluster membership) would be associated with outcome independently of single prognostic measures of calcification and fat, respectively. Proportional hazards were confirmed for each model using the supremum test. Finally, to assess incremental prognostic value of cluster membership over clinical risk (by 10-year Framingham risk) and imaging-based risk (by coronary calcium and visceral adiposity), we calculated a C-index for each model (comparing C-indices by established methods 25 ) and a continuous net reclassification index (NRI) and relative integrated discrimination improvement (IDI). 26 Confidence intervals for NRI and IDI were computed by bootstrapping with 999 resamples. The NRI and C-index were computed at a point selected between the median and 75th percentile of follow-up duration to optimize balance between power and bias (at 10.0 years for all-cause mortality and 9.5 years for CVD).
All statistics were performed in SAS version 9.3 (SAS Institute) or R version 3.3.1 (R Foundation). A 2-tailed P < .05 was used as a criteria for significance.
Results
Study Population
An overview of the cohort is shown in eFigure 1 in the Supplement. The characteristics of the study population (by quartiles) are shown in Table 1 . Of the 2924 FHS participants, 1150 were members of the offspring cohort and 1774 members of the third-generation cohort. The median age of the overall cohort was 50 years (IQR, 43-60 years), 48.6% were men, and the mean 10-year CVD risk (by the 10-year Global CVD Framingham risk as described 27 ) was 4.9%. Of note, the 558 participants who were excluded from the study had a generally higher cardiometabolic risk (eTable 2 in the Supplement).
Distinct Components of Variability in Multiorgan CT Phenotypes
We observed statistically significant but modest correlations among calcification parameters (eg, for coronary calcification; Spearman ρ range, 0.07-0.62; eFigure 3 in the Supplement). On the other hand, we observed highest correlation between regional fat measures (eg, visceral vs intrathoracic fat, Spearman ρ = 0.86). Given the significant differences in interrelationships across imaging parameters, we used PCA to visualize how each individual imaging phenotype naturally grouped together. 28 Three
PCs described 65.7% of the overall variation in imaging measures ( Figure 2A ; scree plot in eFigure 4 in the Supplement). Principal component 1 was highly associated with coronary, valvular, and noncoronary vascular calcification indices; therefore, we termed PC1 a global (valvular/vascular) calcification PC. Principal component 2 identified adiposity component, with positive association with visceral, pericardial, subcutaneous, hepatic, and intrathoracic fat. Finally, we labeled PC3 as a muscle quality component, given that we observed the highest loading on muscle attenuation in this PC (with greater values of attenuation corresponding to decreased intramuscular fat). The dependence of each PC score on age and sex is depicted in Figure 2B . We found significant nonlinearity in PC scores by age for all PCs (age 2 : P < .05 for all PCs). In general, we observed an increase in valvular/vascular calcification with age (PC1~age + age 2 +sex, β age = −1.05, P < .05, and β age2 =−1.5×10 −3 , P < .05), a more complex (U-shaped) association with adiposity with age (PC2~age +age 2 +sex,β age = 0.14, P < .05, and β age2 =−1.1×10 −3 , P < .05), and a gradual decline in muscle quality with age (PC3~age +age 2 +sex, β age = −0.03, P < .05, and β age2 =4.5×10 −4 , P < .05). While we observed a significant association of each PC score with sex (P < .05 for all; men with higher calcification and adiposity; lower muscle fat), only the association between global calcification (PC1) and age was modified by sex a Age ranges signify the minimum and maximum age at CT scan in each quartile of age.
b Units for calcification measures are as described in eTable 1 in the Supplement.
(PC1~age + age 2 +sex+age×sex+age 2 ×sex,β a g e×s e x = 0.06, P < .05, and β age2 × sex =−4. 7×10 −4 , P < .05).
Phenotypically Distinct Groups of Older American Adults
Our next step was to use the 11 different imaging phenotypes to understand underlying groups within the offspring cohort with different physiology and prognosis. Based on the hierarchical clustering of the 11 imaging variables, we observed 2 main clusters, with concordance between high calcification and adiposity parameters in individuals at highest risk of death or CVD of individuals with high calcification and fat (eFigure 5 in the Supplement). To accurately classify individuals into the highest-risk group, we used a model-based clustering to get 2 phenotypically distinct clusters. Gaussian model-based clustering revealed 2 distinct clusters of participants in the offspring cohort. The model selected by the package mclust was an ellipsoidal, equal volume and orientation with 2 components or clusters (eFigure 2 in the Supplement).
To determine whether the model-based clustering was overfit, we performed internal validation using logistic regression (described in Cluster Validation in the Methods section). A logistic regression model (dependent variable: cluster membership; independent variables: 11 imaging indices) with 100 naive bootstraps yielded a C-statistic of 0.995 (95% CI, 0.994- 0.996) for the discrimination of cluster membership, suggesting stability of the assignment of the individuals to the 2 clusters in the offspring cohort. The model-based clustering yielded 2 clusters within the offspring cohort: cluster 1 (a favorable phenotypic cluster) that had a more salutatory profile across all major imaging indices relative to cluster 2 (an unfavorable phenotypic cluster), including decreased visceral (but not subcutaneous) adiposity, muscle fat, and calcification (eFigure 6 in the Supplement; Table 2 ). We found significant differences in CVD risk factors and adverse health outcomes between these clusters. Most individuals were in the favorable phenotypic cluster (cluster 1; n = 918; 79.8%). On average, members of the favorable phenotypic cluster were younger with a lower body mass index and lower prevalence of cardiovascular risk factors relative to the unfavorable cluster.
Association of Cluster Membership With Outcome
With a median follow-up for all-cause death of 9.6 years (IQR, 8.9-10.5 years) after the CT scan, we observed 105 deaths (in 1150 individuals; 53 of 232 in the unfavorable cluster) and 65 CVD events (in 1105 participants without history of CVD; 29 of 213 in the unfavorable cluster). In multivariable Cox regression adjusted for 10-year global CVD Framingham risk, membership in the unfavorable phenotypic cluster was associated with a greater than 3-fold increased hazard of all-cause mortality (hazard ratio, 3.48; 95% CI, 2.35-5.17; P < .001), which remained significant after further adjustment for coronary artery calcium and visceral adipose tissue (hazard ratio, 2.61; 95% CI, 1.74-3.92; P < .001). Addition of cluster membership to 10-year global CVD Framingham risk, coronary artery calcium score, and visceral adiposity was associated with a significant improvement in risk discrimination (relative IDI, 0.34; 95% CI, 0.19-0.50) and net risk reclassification (by continuous NRI; Figure 3 ). For hard CVD (median follow-up, 9.0 years; IQR, 7.7-9.9 years), unfavorable cluster membership was associated with a 3-fold increased hazard (hazard ratio, 3.02; 95% CI, 1.83-4.98; P < .001) after adjustment for 10-year Framingham risk, which attenuated but remained significant after further adjustment for coronary artery calcium score and visceral fat (hazard ratio, 2.15; 95% CI, 1.29-3.58; P = .003). Addition of cluster membership improved discrimination (by relative IDI) and risk reclassification, driven primarily by successful reclassification of individuals without CVD events (with continuous NRI; improved specificity).
Discussion
The primary aim of our study was to describe patterns in variability in multiorgan CT-based imaging phenotypes and whether these phenotypes could identify meaningful subgroups with different pathology and prognosis. We found modest associations between regional calcification measures and greater associations among fat measures, motivating efforts to integrate calcification and fat. Using unsupervised machine learning techniques, we uncovered 3 major anatomic components of risk-global vascular/valvular calcification, adiposity, and muscle fat content-variable by age and sex. Focusing on an older subgroup (offspring cohort), we used modelbased clustering with the 11 CT imaging indices to identify 2 different clusters. Cluster membership was robust to internal cross-validation by binary logistic regression within our cohort. Each cluster had distinct clinical characteristics, with members in the more clinically adverse cluster harboring abnormalities in all domains: calcification, adiposity, and muscle fat content. After adjustment for 10-year global Framingham CVD risk, coronary artery calcium score, and visceral adiposity, cluster membership remained associated with all-cause mortality, providing significant risk discrimination and reclassification above these single measures of adiposity, calcifica- tion, and clinical risk. Ultimately, these results suggest that joint, global alterations in multiple organ systems that directly (eg, calcification) and indirectly (eg, adiposity and muscle) impact CVD pathogenesis translates to greatest overall clinical risk. In recognition of the biological overlap between aging, adiposity, and CVD, there is an impetus to define biomarkers that integrate these interconnected processes for risk stratification, surveillance, and targeted therapy. Individual measures have been the focus of most studies in cardiovascular prevention to date, including diastolic function, 29 18 Nevertheless, studies that provide a view of individual patient-level risk as a function of integrated CVD phenotypes remain few.
In this study, we used unsupervised machine learning techniques across more than 2900 participants in a large ongoing community-based cohort study to address this limitation. By focusing on direct measures of the cardiovascular system in a heterogeneous population, we identified distinct groups of phenotypes by PCA that reflect vascular remodeling (calcification) and metabolic dysfunction (adiposity and muscle fat), and demonstrated using cluster-based techniques that these phenotypes are able to separate older individuals at high clinical risk. Importantly, while the approaches used here were "unsupervised" (not guided by operator selection or a specific outcome), they generated a clinically plausible result: a cluster of high-risk individuals in the offspring cohort marked by abnormalities across all domains of multiorgan structure by CT and reduced survival. With the increasing availability of high-dimensional data across the biochemical, clinical, genetic, and phenotypic domain, 20 these results provide support for unsupervised methods to identify clinically consistent, prognostic patient subgroups that integrate multiple direct (eg, calcification) and indirect (eg, adiposity) measures of CVD. Importantly, future validation in large, diverse, multiracial/ethnic aging populations is required to substantiate the findings in this study. Defined by joint alterations in multiple imaging-based metrics of cardiometabolic health, cluster membership was associated with all-cause mortality but not hard CVD, independent of coronary artery calcium score, visceral fat, and Framingham risk, and it provided incremental risk discrimination and reclassification. While cardiac-specific events (hard CVD) are most closely linked to coronary calcification, these findings suggest that composite, global phenotypes may be important in delineating nonorgan-specific risk, specifically in older populations. Indeed, aging represents a cumulative, systemic process impacting multiple cardiovascular and metabolic systems 1-3 over decades (eg, calcification, 4-7 sarcopenia, [15] [16] [17] and adiposity [9] [10] [11] [12] [13] [14] ).
Efforts to integrate these phenotypes in large populations may facilitate a better understanding of rates of aging and its antecedent determinants. In addition, deeper phenotypes that more accurately capture downstream clinical risk in older populations may target discovery efforts for pathways, therapeutics, and biomarkers of healthy and unhealthy aging. In effect, the results from this study provide support for a hypothesis that maintenance of favorable adiposity, muscle, and vascular phenotypes with age is an essential component of healthy aging, and they underscore the importance of comprehensive, contemporaneous investigations of clinical, biochemical, functional, and anatomic phenotypes to better characterize what it means to age healthily.
Strengths and Limitations
Strengths of this study include quantitative phenotypes across the chest and abdomen in a large community-based longitudinal cohort, approximately 10 years of follow-up for clinical outcomes, and the application of unsupervised methods to assess importance and linkage of individual phenotypes. In addition, the study relied on proven high-quality methods for ascertainment of cardiovascular risk factors; imaging-based measurements of calcification; muscle, liver fat, and adipose tissues; and independent adjudication of relevant clinical outcomes by established criteria. Nevertheless, there are several limitations based in the study design. An important limitation of this work is the lack of external validation. In this regard, further investigations are needed to reproduce and externally validate the findings in this study. For example, larger populations with a greater spectrum of risk may allow for identification of a greater number of phenotypic clusters that more finely resolve prognostically, physiologically, and phenotypically distinct subgroups. In turn, these larger studies would benefit from precision molecular phenotyping (eg, metabolomewide, transcriptomewide, or proteomewide) to pinpoint mechanisms by which these structural changes interact to produce outcomes. Moreover, we did not have the opportunity to evaluate noncardiovascular elements of organ aging (eg, neurologic). Finally, the FHS cohort is of European ancestry and largely residing in Massachusetts, limiting generalizability to other races/ethnicities.
Conclusions
Unsupervised machine learning techniques rooted in 11 quantitative, CT-based phenotypes of CVD in the chest and abdomen identified 3 important imaging-based domains (global vascular/valvular calcification, adiposity, and muscle fat). Furthermore, these 11 metrics classified offspring cohort participants into 2 phenotypically distinct clusters, with association with all-cause mortality independent of single anatomic measures of fat or coronary artery calcium score and clinical risk. Further validation of these results in larger multiracial/ ethnic populations and integration with clinical, biochemical, imaging, and genetic markers are necessary to inform generalizability of these results and increase understanding of healthy living, aging, and cardiometabolic risk. eTable 1. Multiparametric Whole-Body CT Morphometry. Units for each measurement are provided. Calcium scoring is performed per standard Agatston techniques described in references cited.
Morphometric index CT acquisition
Coronary artery calcification Locations of calcification were defined as follows: coronary artery calcification (along coronary arteries); thoracic aortic calcification (within the aortic wall above the diaphragm); abdominal aortic calcification (above the iliac bifurcation and below the diaphragm); aortic valve calcification (calcium deposits of the aortic cusps or nodular deposits at the coaptation points of the aortic cusps); mitral valve calcification (calcium deposits in the region of the annulus and/or the mitral valve leaflets) ) 48 contiguous 2.5 mm thick slices in the chest were acquired. The pericardium was outlined to differentiate pericardial adipose tissue from thoracic adipose tissue. Pericardial fat included epicardial fat overlying myocardium and fat outside parietal pericardium. Total thoracic fat was defined as fat in the pericardium and thorax from the right pulmonary artery to diaphragm and chest wall to descending aorta. Intra-thoracic fat was defined as the difference in adipose tissue volume between total thoracic fat and pericardial fat 
